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Introduction
How the sectoral structure of an economy evolves and how sectoral interdependencies unfold are central research themes in economics. Rosenberg's (1976) observations on the technological convergence of U.S. manufacturing industries and the more recent analysis of General Purpose Technologies (GPT) have fostered a host of investigations on the properties of growth led by common drivers. 1 The presence of technological interdependencies between sectors may suggest that eventually the dynamics of sectors will closely co-evolve, and that convergence will take place -as in Harberger's (1998) "yeast vision". However, coordination problems and the need for complementary investments may slow the diffusion of new technologies, as stressed in the analysis on the emergence of new techno-economic paradigms. 2 Together with heterogeneity in adoption rates and absorption lags, a high concentration of sectoral growth rates is to be expected, supporting the socalled "mushroom vision" of growth (Harberger 1998) . According to this view, real cost reductions in the economy stem from a large number of different sources, but just a few sectors contribute with a disproportionate share to the overall dynamics. Hence, common drivers of growth play a minor role. Schumpeter would probably embrace this view, which is very much based on the impact of creative destruction.
The present work contributes to the yeast-mushroom debate by analyzing the distributional properties of a cross-section of 1-year and 5-year sectoral value added growth rates for France, Germany, Italy and the United Kingdom, for the period [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] . We find that the variance of sectoral growth rates is negatively correlated with sectoral size, meaning that the growth performances of smaller sectors are more heterogeneous. Small sectors thus account for a larger share of the overall cross-sectoral growth variance. As a result, growth rates are unevenly spread -a finding which is consistent with the mushrooms view. Sectoral 1-year growth rates are well-described by a heavy-tailed Laplace distribution, a result which is robust to variance rescaling. Some cross-country differences appear with respect to 5-year growth rates, with Italy and France keeping their long-tailed nature over the medium-long run. The analysis of sectoral groups reveals that heterogeneity in technological intensities can only partly account for the detected fat tails. Although heavy tails are consistent with a vision of growth concentrated in few sectors, it is suggested that processes of firm turnover and growth by incumbents are at least partly governed by reinforcing dynamics embedded in sectoral interdependencies. This casts doubts on the validity of the pure mushrooms vision, which largely neglects the importance of common drivers of growth.
Previous contributions in this line of research include Castaldi and Dosi (2004) and Sapio and Thoma (2006) . The former analyzed value added data for two-digit manufacturing sectors in 16 countries and showed that the crosssectoral distribution of 2-year sectoral growth rates is well-described by a Laplace distribution, with few cross-country differences in shape and width. The latter studied the growth of U.S. four-digit sectoral value added and value of shipments between 1959 and 1996. Their results showed that 1-year sectoral growth rates are distributed according to heavy-tailed Subbotin distributions, with shape coefficients between 1.0 and 1.5. Moreover, the variance of growth rates scales as a power law of size with a scaling exponent between −0.20 and −0.10. Worth mentioning also is the paper by Napoletano et al. (2006) , showing that concentration in sectoral contributions to aggregate productivity growth can occur even under a pure yeast process, provided that absorptive capacities are heterogeneous.
The paper is structured as follows. In Section 2, we describe the dataset and the relevant variables. In Section 3, we estimate volatility-size scaling relationships and fit the empirical densities of sectoral growth rates. Results are summarized and discussed in the concluding Section 4.
Data and variables
This work exploits data drawn from the Eurostat "Industry, Trade and Services" statistical databank (source: Eurostat 2006). The dataset under consideration covers NACE five-digit manufacturing industries, excluding mining and extraction sectors (NACE codes from da1511 to dn3663). More specifically, we use the following samples: 179 Italian sectors from 1995 to 2003; 208 German sectors for the period 1999 169 for UK between 1996 and and 166 in France between 1997 and 2003. All data are annual. 3 As a measure of sectoral size, we have chosen the value added evaluated at factor costs. Data have been deflated by using the sectoral deflators provided by Eurostat (specifically, the so-called PRIN -Domestic output price index; base year: 2000). 4 The variables under analysis are the normalized logarithmic sectoral size,
where < . > t denotes an average at time t across sectors (which are denoted by the subscript i), and 1-year sectoral growth rates:
Because particularly high or low annual growth rates may be the result of short-term fluctuations and may average out on longer horizons, we also analyze 5-year growth rates. Given the short time series available, this seems the only meaningful way to define growth rates on a time span longer than 1 year.
5 Five-year sectoral growth rates are defined as
The above variables have zero mean by definition. Normalization is performed in order to wash away common trends.
Empirical evidence
In this section, the empirical evidence on the whole sample properties of sectoral growth rates is illustrated. A description of the main statistical properties is followed by investigations on scaling properties and by Subbotin distribution fit exercises.
Basic statistical properties
We first report on the basic distributional properties of our variables. We use Kolmogorov-Smirnov (KS) tests 6 to compare the empirical distributions of the variables of interest with normal distributions.
The KS tests performed using the logarithm of sectoral value added do not reject the assumption of normality: this can be seen as evidence of Lognormal sectoral size. The only exception comes from the Italian data, but only for the years 1996-1998. After 1998, the overall picture is similar across countries and is also in line with the U.S. sectoral evidence provided by Sapio and Thoma (2006) . 4 When missing, the deflator for a five-digit sector has been replaced by the deflator for the corresponding four-digit aggregate. 5 For Germany, only 4-year growth rates can be calculated due to data constraints. 6 Not reported here, available upon request. 7 This evidence is consistent with the idea that right-skewed distributions in corporate size (Dosi 2005 ) are preserved at a higher aggregation level.
For 1-year growth rates, the assumption of normality of the underlying distribution is strongly rejected, except for England in the period 1997-2000 and for Germany and Italy in 2003. Complementary analyses, reported at length in Castaldi and Sapio (2006) , show that skewness and kurtosis values have fluctuated wildly in all countries, but always in the range of heavy-tailed distributions. These patterns might indicate that growth rate distributions are not strong-form stationary. By comparing growth rate distributions for all possible couples of years, KS tests (not reported here) confirm this: the null hypothesis -identical distributions -is rejected for most of the years. The results differ across countries, but overall confirm the need for a year-by-year analysis. This is in line with the findings in Sapio and Thoma (2006) .
The results of KS normality tests for the 5-year growth rates differ significantly across countries. Deviations from the Gaussian law are only detected for Italian and French distributions.
Variance-size scaling
As a first way to assess Harberger's claim of mushroom-like growth processes, we ask whether the manufacturing structural change undergone by the economies under focus was concentrated in a few industries -as predicted by the mushrooms vision -or widely diffused, in a yeast fashion.
The existence of a time-changing pattern of cross-sectoral variation in growth performances can be seen as a sign of structural change. Metcalfe et al. (2006) detected the structural trasformation of U.S. manufacturing by looking at the time evolution of the Herfindahl index for sectoral employment shares. A time-constant concentration degree requires all sectors to grow at the same rate. Any growth heterogeneity engenders changes in the sectoral composition of the manufacturing output. The higher the growth rates variance, the faster the structural change.
Whether change is concentrated in few sectors can be assessed by comparing the dispersion of growth rates across groups. If change is diffused, as could be the case in a yeast process, different groups of sectors should all account for approximately the same share of the total variance. A mushroom story requires that some groups contribute more to the overall change. Here we compare variances across size groups. 8 The underlying assumption is that the growth rates of industries are more or less heterogeneous, depending on whether industries are large or small.
The evidence on industry life-cycles (Gort and Klepper 1982; Klepper and Graddy 1990 ) supports this assumption. According to the industry lifecycle view, large and mature industries converge to an oligopolistic structure, characterized by price-cost competition and very low turbulence. The limited firm turnover and the narrow opportunities for product improvements make large sectoral growth performances very similar. Smaller sectors in early stages of the life-cycle may instead be characterized by widely diverse patterns of entry and exit. Entry flows may decline constantly since the inception, or peak during the life-cycle, only to decrease afterwards. Industries may or may not experience shakeouts. The extent of opportunities for technical innovation and appropriability can vary considerably across growing industries, depending on technological regimes (see Dosi 1982 Dosi , 1988 Winter 1984; Audretsch 1995) . On these grounds, we expect the growth of small sectors to be more heterogeneous than for large ones. A simple way to model this is to assume that the cross-sectoral growth variance depends on sectoral size, according to a power law with parameters k and β > 0:
Empirical estimates of the variance-size relationship are provided according to two alternative approaches: linear regression on binned variables, and nonlinear regression. Within the former methodology, for each country and for any given year, the values of sectoral size are binned in equipopulated groups, and standard deviations of the associated 1-year growth rates are computed. Next, for each country, the power-law coefficients are estimated by regressing the log-standard deviations on the mean logarithm size of that country's sectors within the corresponding bins:
log σ t = α + β log S t−1 + t (5) A more refined estimation technique for the same relation takes the following model as a starting point:
and estimates β via non-linear regression, using numerical methods based on different optimization criteria, depending on the underlying assumptions about Bottazzi et al. 2005) . Table 1 displays the values of the scaling exponent, country by country and year by year, for deflated value added 1-year growth data. Each box The results reported in Table 2 confirm the existence of a significant negative scaling relation between 5-year growth rates and size, although milder than for 1-year growth rates. This cross-sectoral variance pattern is clearer for Italy and France, less so for Germany and the UK.
We conclude that large sectors are less heterogeneous than smaller ones in all of the 4 large European economies under consideration. Scaling relationships tend to be slightly steeper than those observed by Sapio and Thoma (2006) on U.S. data, and hold over longer time spans. This is in line with the observed persistence of intersectoral differences in innovation opportunities and turnover rates (Dunne et al. 1988) . Scaling slopes are always well below zero, meaning that small sectors account for a disproportionate share of the overall manufacturing structural change. Hence, sectoral growth rates are unevenly spread. This is consistent with the mushroom view of growth. The present section deals with the cross-sectoral distribution of sectoral growth rates, for each country and for each year of the available samples. This is a crucial step towards understanding the nature of the sectoral growth process. In a pure yeast process, growth rates would be randomly dispersed around the mean. In a mushroom perspective, most of the dynamics in the cross-section of industries would be accounted for by the growth of a few industries, while the bulk would stagnate. In the probability density function, this would show up as a sharp peak around the modal value, and fat tails. These are features of the exponential power distribution fitted by Bottazzi and Secchi (2006) on growth rates of business firms. As the authors have shown, reinforcing dynamics is a key to the emergence of exponential tails. Their model can be adapted to sectoral growth by assuming that a limited number of shocks are distributed across sectors, and that if a sector is affected by a shock, its likelihood to collect further shocks increases. Shocks can determine turbulence in a sectoral ecology, as well as growth or decline by incumbents. The process at hand is characterized by increasing returns, and can be fueled by the sheer internal dynamics of a sector, as well as by sectoral correlations and interdependencies.
Sector-specific drivers of increasing returns are closely related to the waves of Schumpeterian creative destruction brought about by new cohorts of entrants. According to the so-called displacement effect (Carree and Thurik 1999) , the entry of an innovative firm can force some incumbents to exit the market because of technological obsolence.
10 Due to this effect, a sector affected by a growth event in the form of entry is more likely to collect a further event -a firm's exit. The opposite occurs via the replacement effect, i.e. entry enabled by exit.
11 Similar dynamics apply if firms play a coevolutionary game with competitors, as in March (1994) . Search for innovation is triggered by a firm's performance falling below a certain aspiration threshold -but successful search can adversely affect competitors, forcing them to start a search process, too. Growth shocks to a firm -such as innovative search outcomes -increase the likelihood that other firms in the same industry seize innovational opportunities. In this case, as well as in the one described earlier, large swings in sectoral size tend to be concentrated in a small, yet nonnegligible, number of industries.
Sectoral interdependencies provide many examples of how heavy tails can emerge in sectoral growth. First, a GPT economy enjoys increasing returns due to horizontal and vertical externalities (Bresnahan and Trajtenberg 1995) . Any improvement in the upstream sector's technology creates incentives for downstream firms to invest in complementary knowledge. This in turn opens up further innovation opportunities for upstream producers. More generally, the probabilities of fast growth for partner firms in different sectors tend to go together, and sectors may grow or stagnate in a rather coordinated and lumpy fashion. Second, incumbents react to entry in a selective way (Geroski 1995), i.e. mainly to entrants diversifying from other sectors, which are on average larger and more likely to survive than de novo entrants (Dunne et al. 1988) , and can build on experience in related industries (Klepper 2002) . Cross-sectoral similarities in knowledge bases enable entry via diversification, which in turn triggers a chain of reactions by incumbents, implying an increased sectoral likelihood to collect growth shocks. Third, suppose there exists a fixed stock of potential entrants, and that entry in a sector signals the existence of wide and unexploited opportunities for innovation. Then, entry by a firm might increase the sectoral probability to attract even more potential entrants. A long right tail may emerge in the sectoral growth distribution -as observed by Geroski (1995), entry comes in bursts. Finally, exit by a customer, a supplier or a partner can decrease the chances of survival for the partner firms that belong to other sectors. This may give rise to a fat left tail, because sectors with a large negative growth rate would always be lumped together.
To sum up: on the one hand, finding evidence of heavy-tailed distributions of sectoral growth rates is consistent with the mushroom view of sectoral-specific, concentrated drivers of change. On the other hand, heavy tails are also a sign of sectoral interdependencies and common components, which the mushrooms view tends to discard.
The empirical density of sectoral growth rates g it and g5 it is modeled by means of the power-exponential or Subbotin family (Subbotin 1923) , which was first introduced into economics by Bottazzi and Secchi (2003) . The Subbotin probability density function reads:
where b is a shape parameter, and (.) is the gamma function. The Subbotin reduces to a Laplace if b = 1, and to a Gaussian if b = 2.
12 As b gets smaller, the tails become heavier, and the density peak gets sharper. This model has been chosen because it provides a generalization of both the benchmark Normal distribution and the Laplace law, which was shown to provide an excellent fit to the empirical density function of corporate growth rates by Bottazzi and Secchi (2003, 2006) . This given, for each country we run a Maximum Likelihood estimation procedure for each available year. 13 The estimated shape coefficients b of the 12 Further cases are: degenerate (b = 0), and Continuous Uniform (b = ∞). 13 In light of the negative result on strong-form stationarity, we prefer not to pool observations across years. Estimates are done using the Subbotools developed by Giulio Bottazzi (see Bottazzi 2004 for documentation).
Subbotin for 1-year growth rates are reported in the upper layers of Table 3 , along with standard errors. 14 Figure 2 shows the fit of the estimated Subbotin distribution with respect to the empirical densities.
Italian point estimates of the shape coefficient are scattered around the Laplace value of 1 (more precisely, between 0.70 and 1.12). The UK results for the shape coefficient are also similar, ranging between 0.86 and 1.28. German estimates are between 0.75 and 0.92, except for the last year, 2003, when the shape parameter is 1.83. This indicates a high degree of normality of the distribution. France represents somewhat an exception to the Laplace pattern: estimates of b are systematically below 1, except in 2001.
As shown by the scaling analysis, the variance of sectoral growth rates depends on the sectoral size. Therefore, the i.i.d. assumption does not hold, and the evidence of heavy tails in sectoral growth may be a statistical artifact due to the mixture of different, possibly non-heavy-tailed processes. In order to control for cross-sectoral heteroskedasticity, we fit the empirical density functions of the following rescaled version of sectoral growth rates:
where β is the scaling exponent estimated through non-linear LAD, so that g it actually corresponds to the estimated residual from Eq. 4. 15 Table 3 (top) shows that, although Subbotin shape coefficients for rescaled growth rates are slightly higher than before rescaling, differences in point estimates are rather small, and the heavy-tailed nature of sectoral growth holds.
More in detail, Italian b values are between 0.85 and 1.35; French ones in the range (0.70, 0.85) ; German shape coefficients vary in the interval 0.96 -1.10; and similarly for the UK (0.98, 1.12) . See also the diagrams in Fig. 2 . Two exceptions to these general pattern are worth noting. Growth rates for Germany in 2003 and the U.K. in 1999 are very close to Gaussian. Again, French sectoral dynamics displays a peculiar behavior, with b values below 1, except in 2001. Notwithstanding these exceptions, fat tails in sectoral growth processes seem to reveal some more fundamental economic mechanism, beyond statistical aggregation phenomena. Results of this section tend to be in line with the results of U.S. manufacturing sectors and, interestingly, also with the firm-level evidence.
The estimated parameters in Table 3 (bottom) for 5-year growth rates and their rescaled versions indicate that the distributions have exponential tails for Italy and France, while their tails are rather normal for Germany and UK. These results match the KS test discussed earlier. 16 Given that for each country only one or a couple of distributions can be studied, it seems difficult to advance explanations of these cross-country differences. Still, one could think of country-level factors such as national policies promoting specific sectoral activities in a targeted way as reasons behind higher probabilities for particularly high and sustained growth rates. At the same time, the evidence of Laplacian distributions on longer time spans should not come as a surprise if the main driver of heavy tails lies in the pattern of inter-sectoral correlations at the heart of national economies. These correlations can be seen as structural properties of the economic system and they are likely to show high stickiness, although they may change on even longer time horizons. 16 It is instructive to compare this evidence with the firm level results in Bottazzi and Secchi (2006) : firm growth rates on longer time spans become more normal but the estimated Subbotin parameters always remain below 2. They point out to the fact that normality would be observed if annual growth rates were i.i.d. realizations, but auto-correlation in time indicates that this is not the case. This is in line with a view of growth where path-dependence plays an important role.
Conditioning on technological intensity
The results so far suggest the existence of a strong cross-sectional heterogeneity in growth performance, with very high growth rates co-existing with very low ones. We wish to check the robustness of these results by performing the same analysis on more homogeneous groups of sectors. In particular, we divide sectors according to the OECD Technology Classification. Such a classification ranks sectors based on the level of their R&D intensity in value added and production estimated in a sample of OECD countries (see Hatzichronoglou 1997) . This classification is meant to capture different degrees of "knowledge intensity" of production (cf. OECD 2005) . R&D expenses are a proxy for overall innovation efforts and can also be seen as an indicator of the level of technological opportunities in the industry (cf. Nelson and Wolff 1997) . This classification has become quite popular because it captures in its High Tech group most of the backbone sectors of the ICT production.
We mentioned in the introduction how GPTs could be seen as bringing overall productivity increases across industries. Still, if this process takes some Tables 4 and 5 collect results for 1-and 5-year growth rates. The evidence of a negative scaling relation remains valid in the more homogeneous groups, although it loses significance in some years, and vanishes for French and UK hi-tech industries. As for growth rates distributions, it is interesting to note that some show a higher degree of normality (the estimated Subbotin coefficients are closer to two), indicating that we may have captured some part of the reason for the exponential tails. For UK and Italy, it appears that the distribution of 1-and 5-year growth rates in the Low tech-Low medium tech group is closer to a Normal distribution, while for Germany this is the case for the High-high medium tech group. As to France, growth rates over 5 years are less heavy-tailed than over 1 year. All other distributions still display significant weight in the tails. These preliminary results indicate that conditioning on technology intensity can only partly explain the fat tails of the unconditional distribution of growth rates. We should also mention that Sapio and Thoma (2006) classify sectors according to the Pavitt taxonomy and by the nature of the product, and they find evidence that the distributional properties of sectoral growth rates remain essentially the same in the different groups.
Concluding remarks
The foregoing statistical analysis of sectoral growth rates in the largest European countries has shed light on a number of facts concerning both the recent evolution of the main European economies and the phenomena underlying it. The Maximum Likelihood fit of the empirical densities shows how sectoral log-growth rates in France, Germany, Italy and the U.K. share significant non-Normality, with some support to the evidence of a Laplace distribution of sectoral growth rates. Moreover, a variance-size scaling analysis establishes that the cross-sectoral variance of sectoral growth rates is larger among small sectors. This work tends to confirm the main conclusions reached by previous analyses within the same research line, while at the same time it engenders some new and intriguing research questions. In particular, the aim of this paper has been to discuss the empirical evidence with respect to a 'mushroom-view' of the growth process.
First, if one considers the process of structural change underlying growth, a mushroom-like process will predict that certain groups of sectors contribute more than proportionally to the overall cross-sectoral variance of growth. What we uncover is that smaller sectors are characterized by a significantly higher variance in growth than larger sectors. The scaling relation between variance and size can be explained by insights from the literature on Industry Life Cycles. Industries face high turbulence in their initial stages and tend then to converge in their maturity stage to oligopolistic structures with limited sources of variance in terms of entry and exit of firms.
Second, extreme fluctuations in sectoral growth rates are much more likely than under the benchmark Normal process, in spite of the aggregate nature of sectoral variables. While in a pure yeast process annual growth rates would be distributed normally, a mushroom process produces fat tails brought about by the concentration of very high and very low sectoral growth rates. The success of the mushroom description, however, is undermined by the fact that heavy tails are related to processes of firm turnover and incumbent growth, which are at least partly governed by reinforcing dynamics embedded in sectoral interdependencies. Firms in inter-related sectors can be thought of making correlated business decisions that also explain an uneven diffusion of technological and demand shocks through the economy. While heavy tails are consistent with the mushroom view, the emphasis on common drivers is at variance with it.
Third, on a longer time horizon, the properties of sectoral growth show increasing cross-country differences. While for Germany and UK there is suggestive evidence that the distributions become closer to normality, for Italy and France, 5-year growth rates still show exponential tails. In this case, the evidence suggests that sectoral interdependencies are structural properties that matter also on a longer time span. At the same time, one could think of country-specific factors which explain stronger or weaker inter-sectoral correlations of national economies. Overall, the results suggest that on a longer time horizon there may well be cross-country differences in the distributions of sectoral growth rates.
Fourth, in general the way firm-level properties aggregate to the sectoral level remains a critical area of research. The translation of firm-level scaling properties into sectoral-level volatility patterns is not as clear for European data as for U.S. manufacturing. To the authors' knowledge, there exists no evidence about volatility-size scaling for German and U.K. companies. Moreover, it is interesting to compare the detected scaling evidence with the absence of any clear volatility-size scaling in firm-level French and Italian samples (respectively, see Bottazzi et al. 2005; and Bottazzi and Secchi 2003) . Scaleinvariance seems to break down in these cases. In fact, firm-level shocks may aggregate in a non-trivial way. Instead of compensating out in the aggregation process, they may amplify and produce relevant sectoral shocks. Along these lines, Gabaix (2005) shows how a major part of aggregate growth shocks can be accounted for by the growth of the top 100 firms in a country (see also the discussion in Castaldi and Dosi 2008) .
Finally, in terms of how sectoral growth rates are shaped and where 'mushrooms' are bound to appear, much is also likely to be learned from taking into account how technological shocks diffuse in the economy, for instance through the input-output relations that link different industries. As a first step into analyzing the role of technology, we did find some weak evidence that growth rates show less fat tails within groups of homogeneous technology intensity.
These results, although very preliminary, provide a starting point for further investigations.
